Estimates of differential mortality by socioeconomic status play an important role in several domains: in public policy for assessing distributional effects of public programs; in financial markets for the design of life insurance and annuities; and in individual decision making when figuring out how much to save for retirement. Traditionally, reliable estimates of differential mortality require rich panel data with large sample size. This paper proposes a new, less dataintensive approach relying on just a single cross-section of data. Rather than using observations on actual mortality in panel over time we propose relating individuals' subjective probabilities of survival to variables of socioeconomic status in cross-section. We formulate the method in a model of survey response and provide an empirical validation based on data from the Health and Retirement Study comparing the alternative estimates to the traditional estimates of differential mortality for the same sample of baseline respondents. We present two applications. First, we document an increase in differential mortality in the U.S. over time, and second, we produce comparable estimates of differential mortality for 10 European countries and the U.S. based on subjective probabilities of survival.
Introduction
Estimates of differential mortality by socioeconomic status (SES) play an important role in several domains: for assessing distributional implications of public programs (taxes, public goods, health care). They are also relevant for the design of annuities and life insurance in financial markets, and for individual decision-making such as how much to save for retirement and which financial products to invest in. Finally, they matter for empirical research when presenting age patterns of a variable, such as income or wealth, based on cross-sectional data or on synthetic panel data which tend to be biased by differential mortality. To obtain reliable estimates of differential mortality one needs very rich panel data with consistent observations of SES over time, sufficient sample size and minimal attrition. These ideal conditions are rarely met. When interested in comparing differential mortality across countries the data requirements become even more demanding with the additional need to match the time period of observation and the definition and measurement of socioeconomic status.
In this paper, we propose an alternative method for estimating differential mortality using respondents' subjective probabilities of survival.
1 To elicit these, respondents are asked:
"What is the percent chance that you will live to be [X] or more."
The target age X varies as a function of the respondent's own age.
Subjective probabilities of survival have been collected in this form in the U.S. Health and Retirement Study (HRS) every two years since its baseline interview in 1992. Validation studies based on the HRS show that these subjective probabilities of survival vary systematically with known risk factors of survival such as smoking, evolve in panel in response to new information such as parental death or the onset of a disease, and predict actual mortality McGarry 1995, 2002; Smith, Taylor and Sloan 2001; Siegel, Bradley and Kasl 2003; Bloom, Moore and Song 2007; Elder 2007) . The survival expectations in the HRS have also been used to construct cohort life tables that predict an unusual revision to U.S. life expectancy made by the Social Security Administration (Perozek 2008) . They have been shown to be predictive of actual and expected economic behavior (Hurd et al. 2004; Bloom et al. 2007; Elder 2007; Delavande and Willis 2008) . Hurd, Rohwedder and Winter (2005) document comparable systematic variation in subjective probabilities of survival in data from 11 European countries in the English Longitudinal Study of Ageing (ELSA) and in the Survey of Health Ageing and Retirement in Europe (SHARE). They also highlight the strong relationship with objective measures of health, such as grip strength which itself is known to be a strong predictor of morbidity and mortality.
In this paper we propose using this systematic variation in the subjective probabilities of survival to estimate differential mortality. In the first part of the paper we establish the reliability of our approach by estimating differential mortality on panel data from the HRS and comparing the resulting traditional estimates with those obtained from subjective probabilities collected at baseline on the same respondents. The HRS is sufficiently rich to support also the traditional approach based on panel data as it has data spanning a period of up to 14 years and it links to the National Death Index (NDI). We find that for wealth the alternative estimates are strikingly similar to the ones obtained from actual survival, and for income and education they are very similar as well.
Prior studies have estimated differential mortality by wealth (e.g., Attanasio and Hoynes 2000; Attanasio and Emmerson 2003), income and income inequality (e.g., Duleep 1986 Duleep , 1989 Deaton and Paxson 2004, Bommier et al. 2003) , occupational status (e.g., Marmot 1999 ), education (e.g., Feldman et al. 1989 , Lleras-Muney 2005 and broader measures of socioeconomic status (e.g., Adams et al. 2003; Deaton and Paxson 2001) . The general finding is a strong association between the various measures of economic status and mortality. 2 The prevailing approach is to study mortality in panel data with observations on actual deaths, allowing to estimate directly the association between socioeconomic variables and the probability of death (e.g., Duleep 1986; Attanasio and Emmerson 2003; Adams et al. 2003) .
After having validated our method, we present two applications. First, we estimate trends in differential mortality in the U.S. between 1992 and 2006 using data from HRS. Earlier studies have documented increases in differential mortality from the 1960 to the 1980s (e.g., Duleep 1989; Feldman et al. 1989; Pappas et al. 1993) . Economic inequality has been observed to have increased further in recent years in the U.S. (e.g., Chevan and Stroke 2000) raising the question whether this has or will translate into further increases in differential mortality. Consistent with the results in Hadden and Rockswold (2008) , we find an increase in inequality in mortality with respect to wealth, income and education in the U.S..
Second, we produce directly comparable estimates of differential mortality for 10 European countries and the U.S. for the year 2004. Numerous studies of differential mortality by socioeconomic status focus on the U.S. and the U.K.. While there are also some studies using data from other countries, it is difficult to compare their findings due to differences in the time period covered or different definitions of the SES variables.
3 However, international comparisons of differential mortality could provide an insightful starting point for understanding the role of institutions, such as the health care systems, in reducing health and therewith mortality differences. Our proposed method of estimating differential mortality by SES with its much more modest data requirements makes is it a lot easier to produce estimates that are comparable across countries, especially when taking advantage of the recent emergence of data sets such as SHARE and ELSA which were designed to be comparable to the HRS.
There are some studies that present international comparisons (Kunst and Mackenbach, 1994a, b; Mackenbach et al. 1997 Mackenbach et al. , 2004 and highlight international heterogeneity in how socioeconomic status is associated with mortality. For example, Kunst and Mackenbach (1994) find that inequalities in mortality are relatively small in the Netherlands and Scandinavian countries, compared to the U.S., France and Italy. Mackenbach et al. (1997) challenge this result and find large inequalities in mortality in Nordic countries. A major caveat of these international comparisons is that they rely on datasets that differ along several dimensions limiting their comparability: the data are collected using different survey instruments or in some cases even use information from administrative data bases that are not available in other countries; the data sets do not cover the same time period and groups; and they differ, often substantially, in the amount of detail available to construct variables describing SES.
The data from SHARE, and ELSA were designed to be comparable to the HRS. In addition to collecting information on income, wealth and education in ways that are closely comparable across countries they also elicit respondents' subjective probabilities of survival, demographics, income, wealth and education from 12 different countries for the year 2004 which we use to conduct cross-country comparisons of differential mortality. We find for every country that those in high wealth have higher survival probabilities than those with low wealth. However, there is heterogeneity in the strength of the association across countries. According to our estimates countries with a smaller gradient are Belgium, France and Italy while we find the gradient to be strongest in Sweden, Austria and England.
Theoretical Framework of Survey Response
We present a simple theoretical framework of survey response that shows how we estimate differential mortality from subjective probabilities of survival.
Define the survival function TA t I X representing the probability of being alive at target age TA of a respondent with characteristics t X at time t before he has reached age TA. The survival function determines the outcome 1 TA A , being alive at the target age TA, according to the following rule:
, where C is a constant and the are iid across individuals, i.e. the are individual-specific shocks that affect individual survival. 4 Given this assumption, the (objective) probability 1 TA t P A X of being alive at TA conditional on t X is equal to: 1 (
Denoting G the cumulative distribution of , we get: 1 (
If respondents know the shape of their survival function and the relevant t X , their predictions about their chance of survival to age TA is given by:
To derive equation (2) from equation (1), we implicitly assume that that there is no systematic unexpected shift in longevity (e.g. due to improvements in medical technology) occurring between time t and the time respondents reach their target age TA, or at least, that such a shift affects everybody's mortality in a proportional manner. In the latter scenario the levels of the survival probabilities would change, but not the differentials by observables X t . If (2) is verified, we can obtain estimates of differential mortality using the subjective survival probabilities .
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Empirical Validation in the HRS
In the empirical validation we use the rich, longitudinal data from the HRS and proceed in two stages: first, we illustrate at the population level that subjective probabilities of survival have predictive power for actual survival to the target age TA. In the second stage of the empirical validation, we apply the method derived in the previous section to estimate differential mortality by wealth, income and education from the subjective probabilities of survival and compare the resulting estimates to those obtained from estimating the same relationship using actual survival to target age TA.
HRS Data
The HRS is a nationally representative panel survey of persons born in 1953 or earlier, designed to investigate the health, social, and economic implications of the aging of the American population. The HRS combines five cohorts that were enrolled at different points in time and were interviewed every two years after enrollment: the original HRS cohort born in 1931 through 1941 and surveyed since 1992; the AHEAD cohort born between 1890 and 1923 and enrolled since 1993; the Children of the Depression Age (CODA) cohort born between 1924 and 1930 and the War Babies cohort born between 1942 and 1947, both added to the HRS in 1998; and finally the Early Baby Boomers cohort born between 1948 and 1953 and first interviewed in 2004. Spouses were also included regardless of age. 5 We use data from 1992 to 2006. Spanning a period of fourteen years, we observe a significant number of deaths among respondents and their spouses.
3.1.1.
Vital status of HRS respondents The HRS determines the vital status of respondents in any particular survey wave through tracking: A respondent is considered alive if she was interviewed or contacted directly by an interviewer during the wave, or was said to be alive by a spouse or partner, or was not reported dead. If no informative contact was made, the respondent's vital status is classified as unknown.
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In addition the HRS matches respondent records to the National Death Index (NDI) for those who are reported deceased or who are of unknown vital status during tracking. 
3.1.2.
The analytical sample In the first waves of HRS, respondents were asked their survival to age 75 and 85. To validate our methodology, we identify a sample of respondents who -by the last available wave of HRS -reached or would have reached if still alive the target age that they were queried about when asked about their subjective probability of survival question at baseline. We focus on the target age 75, denoted P75 hereafter, because this results in a sample that was younger at baseline (age 61 to 66). Focusing on younger respondents is advantageous for two reasons: first, for a population in their early sixties selection through mortality is fairly small. Second, aging is associated with cognitive decline and low cognition has been found to introduce bias into subjective expectations of survival (Elder, 2007) .
Our analytical sample is therefore composed of respondents who (i) were asked their survival to age 75 (P75), (ii) for whom we know their vital status at age 75, and (iii) for whom the distance to age 75 at the time of the subjective survival question was between 9 and 14 years ahead. A total of 1,234 observations meet these criteria. Of these, 15 observations had a missing value for P75. This corresponds to an item non-response rate of 1.2 percent which is very low. Our final analytical sample consists of 1,219 respondents. Thirty percent of them died before reaching age 75. Sixty-five percent were asked their survival expectations in 1992, 34% in 1994 and less than 1% in 1996.
8 Note that this subset is not a random sample: while 35% are HRS respondents who were age-eligible in 1992, 65% are older spouses of the HRS respondents. Also, 70% of the respondents are males. The non-randomness of our analytical sample does not affect the validity of the empirical validation which only verifies that for a given population our method yields the same or closely comparable results as the one based on actual mortality observed in panel. The verification exercise does not attempt to produce population representative estimates of differential mortality.
Predictive Power of Subjective Probabilities of Survival for Actual Mortality
The most fundamental prerequisite for our proposed method is that subjective probabilities of survival are strong predictors of subsequent actual survival at the population level (not necessarily at the individual level since mortality is a stochastic event).
Prior studies demonstrated correlation of subjective probabilities with risk factors for morbidity and mortality, and their predictive power for actual mortality in short panel McGarry, 1995, 2002; Smith et al., 2001; Siegel et al., 2003) . These studies focus on earlier waves of the HRS. In the meantime, with HRS data available up to the year 2006, a sizeable fraction of the HRS sample has reached the target age that they were asked about at baseline. With that it is now possible to verify the predictive power of the subjective probabilities with respect to the event that respondents were actually queried about: survival to a particular target age. This constitutes the most direct test of the predictive power of subjective probabilities of survival. Figure 1 presents the mean of the variable "dead in 2006" by the answer to P75 elicited at baseline. The left panel pertains to our analytical sample. We find a clear gradient in mortality based on panel observations by reported subjective probability of survival. In earlier work, subjective probabilities in the HRS have been found to exhibit bunching at the focal values of 0, 50 and 100 (e.g., Hurd and McGarry 1995; Lillard and Willis 2002) . In Figure 1 , the zeros and 50's do not show as outliers; the 100's, however, do somewhat as respondents who answered 100 show higher actual mortality than those who reported lower subjective probabilities such as 70, 80 and 90. Nevertheless the 100s contain information as well because they still exhibit lower mortality than those who provided answers smaller than 50%, but they seem to attract more responses than they should.
For comparison we have produced in the right panel of Figure 1 the same graph of 14-year mortality by P75 for the sample of age-eligible HRS respondents (age 51-61) interviewed in 1992. Qualitatively the same pattern emerges for this random sample reassuring that the patterns in our analytical sample are not driven by our sample selection. Note that the overall level of mortality is lower in the original HRS cohort because they are younger than members of our analytical sample. Table 2 presents the mean and percentiles of P75 by vital status at 75 in the analytical sample: the overall distribution of P75 for respondents who are alive at 75 is clearly located to the right of the one of respondents who are reported dead at 75. Overall, Figure 1 and Table 2 clearly show that the subjective probabilities of survival to age 75 have strong predictive power of actual mortality by the age of 75.
Comparing Estimates of Differential Mortality from Vital Status with those from P75
The second requirement for our proposed method to work is that subjective probabilities capture mortality differentials by measures of SES -wealth, income and education in our case. As empirical validation we present estimates of differential mortality based on vital status and compare them to those based on P75. To investigate the possibility that our results might be sensitive to the choice of functional form we conduct our empirical validation in three ways: first, we present Kernel estimates of differential mortality by wealth and income; then we show the differentials in mortality by categorical variables (terciles of wealth and income, and education categories), followed by parametric estimates that account for additional covariates.
Wealth is defined as the sum of financial assets (including IRAs), housing (excluding second home), other real estate, and transportation minus all debt of the household. Pension or Social Security Wealth are not included. Our measure of income sums all sources of income for the respondent and spouse if married. These include earnings, and income from investment, pensions, annuities, Social Security, transfers and benefit income. 9 We use wealth and income from the last calendar year measured at the same time as the subjective probability of survival P75. All the analyses below are based on the analytical sample described in Section 3.1.2. Figure 2 presents the estimates of the kernel regressions ( ) (
Kernel estimates
where X denotes household wealth or household income. With couples' wealth and income levels being much higher than that of singles we run the kernel regressions separately for singles and couples. Figure 2 focuses on couples because the vast majority of our sample lives in a couple household. 10 It shows a positive relationship between wealth and actual mortality: the higher the level of wealth, the larger the fraction of respondents who are alive. This finding is in line with previous work. The relationship between survival and income is similarly increasing, though a bit flatter at high levels of income. Note that the lines pertaining to actual survival are parallel to the ones pertaining to P75. This lends support to the hypothesis that both variables exhibit closely comparable patterns of differential mortality by wealth and income. Separating out men and women yields very similar patterns (not shown). Note however that the levels of the two curves are different: respondents seem to provide answers that accurately reflect the differential in mortality, but that under-estimate on average the likelihood of survival. 
Average answers by wealth and income terciles and education
As an alternative non-parametric way of assessing differential mortality based on vital status and on P75 we use categorical versions of our measures of SES. For wealth and income we define terciles over all respondents interviewed in the same wave, stratifying by marital status (singles vs. couples) and age category (60 to 64 and 65 to 69).
12 Using terciles has the advantage that these are insensitive to outliers and stratifying by marital status in their construction allows us to pool singles and couples in the analysis. Figure 3 presents the fraction alive at 75 alongside the average of P75 by wealth and income terciles measured at the time the subjective expectation was elicited, and by education levels. For all three measures of SES we find the anticipated gradient indicating higher survival rates for those of high SES. As before the levels of survival are found to be lower for the P75 estimates. More importantly, though, the slopes of actual survival and of P75 are strikingly similar for all three measures of SES indicating that P75 captures the differentials in survival very closely.
Parametric Estimates of Differential Mortality
To estimate the survival function presented in section 2 we need to make a parametric assumption about the distribution G. We present results under the assumption that G is a logistic 10 Recall that older spouses of HRS-age-eligible respondents make up a large fraction of our analytical sample of persons who reach their target age by 2006. 11 These findings are consistent with those reported in Elder (2007) . In work conducted in parallel to ours, Elder investigates the predictive power of the subjective probabilities for the level of actual mortality and documents biases. Biases in the level do not affect the working of our proposed method as long as the differentials across SES groups are preserved. 12 Results are qualitatively similar with income quartiles. We however focus on terciles because, due likely to small sample size, the 2nd quartile is not statistically significantly different from the first in the parametric regressions presented in section 3.2. distribution with mean 0 and variance 2 3 . Let , X W Z where W denotes wealth (or income or education level) and Z denote the non-wealth covariates. To simplify the notation, we omit the subscript t in this section. Our empirical strategy is to: (i) Estimate the effect of W on actual survival, WT , using a logit model. The dependent variable is the binary event whether the respondent is alive at 75 and we estimate the equation 1 (
where ( ) . 1 (ii) Estimate the effect of W on elicited subjective survival, WS , using an analogous regression | (
This estimation is performed over the same sample as the one in step (i). To estimate equation (4), we use the quasi-likelihood method presented in Papke and Wooldridge (1996) based on a Bernoulli log-likelihood function. 13 Papke and Wooldridge show that the quasi-maximum likelihood estimator is consistent, asymptotically normal, and efficient in a class of estimators containing weighted non-linear least squares estimators.
(iii) Test the hypothesis that the coefficients associated with the SES variables in the model of actual survival are equal to those in the model of subjective survival: Tables 3, 4 and 5 present the estimation results for wealth, income and education, respectively. In addition to the variables of interest, we include categorical variables for age at the time when the survival expectation was asked and sex as independent variables. We do not condition on any additional observable characteristics because we are interested in the unconditional association between wealth and survival. The estimated coefficients on the wealth terciles based on actual survival and those based on subjective survival are remarkably similar. They are equal to 0.26 and 0.47 for the second and third wealth tercile when estimated using actual survival, while they are equal to 0.21 and 0.43 when estimated using the subjective survival. Those for income and education are also quite close.
To test the equality of the coefficients on SES for equations (3) and (4) we formulate the hypotheses: 13 Our estimate is based on the following Bernoulli log-likelihood function:
, , Under the logistic assumption for G, the coefficients we estimate can be interpreted in terms of odds ratios. For example, the coefficient 2 on the second wealth tercile can be interpreted as the log odds ratio for survival of the second wealth tercile to the first wealth tercile. The log odds ratio, considering that the lowest wealth tercile is the omitted variable, is given by: 
Robustness Checks
We have conducted extensive robustness checks with respect to a number of dimensions. For example, we verified that our validation results are robust to the estimation strategy. Using non-linear least squares rather than the quasi-maximum likelihood method yields essentially the same results (see Appendix Table A1 ). Similarly, our results are robust to using a different distributional assumption for G. For example, using a normal distribution rather than a logistic distribution in equations (3) and (4) yields very much the same results once again. We decided to present the logistic specification in this paper because the coefficients on wealth (or income or education) can be directly interpreted as log odds ratios.
Our primary interest is to obtain unconditional estimates of differential mortality, but how would our method perform if we included additional covariates? When we include both wealth terciles and education as right-hand variables, in addition to gender and age group the results are similar. Performing the formal test of equality of the coefficients on wealth terciles we cannot reject the hypothesis 0 : 0
One aspect of the subjective probabilities deserves more detailed attention which is measurement error and the prevalence of focal answers.
Measurement error and focal answers in subjective probabilities
Rounding to the nearest 5 and focal answers at 0, 50 and 100 are common patterns of answers to subjective probability questions. Manski and Molinari (2008) discuss these as forms of measurement error in subjective probabilities. People who answer "50%" can be thought of as respondents who either truly believe that their chance of survival is about half or who are uncertain about their chance of survival (e.g., Bruine de Bruin et al., 2000; Hill et al., 2006) . One concern that we might have for our methodology is whether the tendency to provide focal answers varies systematically by wealth. For example, if many respondents in the lowest wealth tercile do not know what their chance of survival is and just answer "50%," the average subjective probability of survival may be biased for this group, but less so for the other wealth terciles. That would affect the estimates of differential mortality. Focal answers of 0 and 100 are different from the 50s in that they most likely convey actual information for most respondents, conveying that they consider their chances of survival to the target age extremely low or very high. Table 6 presents the percentage of respondents from the analytical sample in each of the wealth terciles who provided focal answers. The percentage of respondents who provide 50 and 100 as an answer is similar across wealth terciles. 16 There is a difference, however, in the prevalence of zeros, which is consistent with respondents in the lowest wealth tercile having lower actual survival than other respondents on average. One might have expected similarly noticeable differences across wealth terciles for the 100s, but this is not the case.
Even though the overall fraction of 50% answers does not vary across wealth terciles it could still be the case that the fraction of 50% answers that reflect "don't know's" varies by wealth tercile and potentially introduces bias into the estimates based on subjective survival. While this is unlikely because of the good match with the results based on actual mortality we nevertheless investigate this possibility. To this end we use variables that have been shown to correlate strongly with subjective probabilities of survival to impute P75 and replace the 50% answers with the imputations. The set of covariates for imputation includes basic demographics, a number of health related variables and parental mortality.
17,18 Once again we find that the 15 For coefficients associated with both wealth and education, we get a test statistics equal to 2.07. 16 Using a simple ANOVA test, we cannot reject the hypothesis that the average fraction of 50s and 100s is equal across wealth terciles. 17 The set of health variables we use includes information on drinking alcohol, smoking, the number of chronic conditions, self-rated health, number of ADL limitations and BMI. 18 Different interpretations of the 50% would suggest slightly different implementations of the imputation. If one believes that respondents who answer 50% merely express epistemic uncertainty, one would want to exclude them from the regression to produce the imputations. However, if one believes that the 50s are informative, one would keep them. The truth is probably a mix of the two but we have no way in our data to separate respondents who truly believe they have about a fifty percent chance of survival to their target age from respondents who are simply uncertain. We follow both strategies and find that the results are not affected by this issue. In HRS 2006, respondents who answer 50% to the subjective probability of survival are given a follow-up question asking whether they just do not know their survival probabilities or whether their belief is really that the chances are about 50 percent. It turns out that the fraction of 50s being simply uncertain is high -a little over 60 percent. Unfortunately we do not have this information for the earlier waves of HRS which provide the baseline observations in our analysis.
coefficients on the wealth terciles are very similar in both the logit regression on actual survival at 75 and the quasi-maximum likelihood estimator on P75 where any original 50% answers were replaced with the imputation (tables not shown).
Detailed results from all the robustness checks we performed are available upon request.
Applications
Having established the suitability of the subjective probabilities of survival for estimating differential mortality, we present two applications: first, we estimate trends of differential mortality over time in the U.S. using data from the HRS. Second, we use data from HRS, ELSA and SHARE -which were designed to provide comparable variables across countries -to produce estimates of differential mortality that are directly comparable for 10 European countries.
Estimates of the trend in differential mortality in the U.S.
We take advantage of the long time span covered by the HRS to estimate differential mortality from P75 elicited in 1992 and from P75 elicited in 2006. Comparing the results provides insight into trends in differential mortality over this time period for cohorts that on average have not yet reached the end of their life span. As such our estimates are forward looking. We focus on respondents aged 51 to 60 so that we do not include the same respondents both in the 1992 and in the 2006 sample. We follow the approach described in Section 3.3.3, and estimate equation (4) That is, we use the quasi-likelihood method presented in Papke and Wooldridge (1996) based on a Bernoulli log-likelihood function and logit distribution with P75 as the dependent variable. Our explanatory variables are indicator variables for age band (51-55, 56-60), female, and wealth terciles (or income terciles or education categories). In constructing wealth and income terciles we stratify by age category (51-55, 56-60), couple and wave. All the regressions apply respondents' weights. Table 7 presents the estimates of differential mortality by wealth tercile for 1992 and 2006. It shows an increase in differential mortality in this 14 year-period. Exponentiating the coefficients to obtain the odds ratios with respect to the lowest tercile we find that the odds ratio for the highest wealth terciles has increased from 1.61 to 1.88 between 1992 and 2006 which corresponds to a 14.6% increase.
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Item non-response might be a concern if it is not randomly distributed by wealth tercile or health status. Item non-response is relatively low in the HRS for this age group (2.2% in 1992 and 4.0% in 2006) but it is not randomly distributed across wealth terciles or by self-reported health: item non-response is significantly higher in the lower wealth terciles and among respondents who report being in poor health. 20 We address this issue by imputing the subjective probabilities for respondents who did not give an answer to P75. We use the same explanatory variables as for the imputations in previous robustness checks, i.e., basic demographics, health information and parental mortality. Replacing the missing observations with imputed values basically does not change our estimates for differential mortality.
Similarly, the tendency of people to answer 50% when asked their subjective beliefs might bias our results if it varies systematically by wealth. In this sample, the fraction of 50% answers increases slightly with wealth terciles. The difference in the fraction of 50s is statistically significant at the 5% level for 2006 but not for 1992. 21 Again, we can address this issue by replacing subjective survival probabilities that are equal to 50% with imputed values as a function of demographics, health and parental mortality. Doing so results in slightly higher estimates of differential mortality and the magnitude of the increase in inequality. 22 With this specification, the odds ratio for the highest wealth tercile compared to the lowest wealth tercile increases from 1.73 to 2.08 between 1992 and 2006, which represents a 16.4% increase. 23 We also produced the estimates of trends in differential mortality by income tercile and education categories, both with and without imputations of P75 for missing values and/or 50% answers. As with wealth terciles, performing the imputations for the 50% answers leads to slightly higher estimates of the mortality differentials. Table 8 presents the results with the imputations for missing and 50%. Figure 4 gives a graphical representation of our estimates of the trends in differential mortality for all three indicators of SES alongside each other, based on comparable estimates (all with imputations for missing P75 and 50% answers). The height of the bars reflects the odds ratio of a particular group's chances of survival compared to the reference group with lowest SES. The overall levels and the increase in inequality in mortality by income are very similar to those observed by wealth. The premium of a college degree in terms of increased chances of survival has increased substantially between the two time periods: the odds ratio rose from 2.04 to 2.89; that is an increase of almost 30%.
Earlier studies have emphasized that differential mortality by SES has increased in the U.S. since the 1960s (e.g., Duleep 1989; Feldman et al. 1989; Pappas et al. 1993, Hadden and Rockswold 2008) . For example, Hadden and Rockswold analyze mortality data from 1960, 1986 and 2000 and conclude that there was a large increase in inequality in mortality by education for non-Hispanic white men and women. The increase was somewhat smaller for non-Hispanic Blacks. Our results suggest that the increase in differential mortality is likely to continue in the future.
Estimates of Differential Mortality for the U.S. and Europe using Subjective Survival Probabilities
In our second application we use our method to produce comparable estimates of differential mortality across countries. The data come from survey instruments that were designed to be comparable across the participating European countries and the HRS for the U.S.
Data: SHARE wave 1, ELSA wave 2 and HRS 2004
In 2004, SHARE administered the same survey instrument in 11 European countries, except for small adjustments to accommodate institutional differences. The selection of countries reflects the different regions of Europe with Sweden, Denmark covering Scandinavia; the Netherlands, Belgium, Germany, France, Austria, and Switzerland representing Central Europe; and Italy, Spain and Greece covering the south of Europe. 24 The sample in each participating country is representative of the population age 50 and older when weights are applied.
ELSA is the English counterpart of HRS and SHARE. In 2002, it collected its first wave of data. The sample was drawn from households that had previously participated in the Health Survey for England in 1998, 1999 or 2001. We use the second wave of ELSA which was administered in 2004. 25 Just as in the HRS, the target population of SHARE and ELSA covers the population age 50 plus and their spouses. 26 Sample sizes vary by country from about 1,000 respondents in Switzerland to about 3,000 in Germany, Sweden and the Netherlands in SHARE, more than 9,000 in ELSA and about 20,000 in HRS 2004 (see Table A2 in the Appendix for the number of respondents in each country). All variables of interest to our study (subjective probabilities of survival, wealth, income and education) are observed in all countries. Also the subjective probabilities of survival were asked in all countries in the same way as in the HRS with the target age being a function of the respondent's own age. We therefore use in our analysis respondents aged 51 to 65 who were asked about their survival to age 75.
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At a descriptive level the subjective probabilities of survival in SHARE show similar patterns and characteristics as those collected in the HRS. Hurd, Rohwedder and Winter (2005) document how they compare to life tables, rates of item non-response, and the frequency of focal answers. In particular, they show strong variation in the subjective probabilities as a function of health conditions, objective measures of health, as well as by income quartiles, wealth quartiles and education. Table 9 presents the average of P75 by wealth tercile for individuals aged 51 to 65 in SHARE/ELSA/HRS. 28 Wealth terciles are defined separately within country, by marital status (single/couple), and by age band (51-58; 59-65). 29 Our measure of wealth is total household net worth in euros with adjustment for purchasing power parity. Entitlements to public or private pensions are not included. As one would expect, we find that average subjective probabilities of survival are higher for higher wealth terciles for most countries. The gradient is particularly marked for the U.S., England, Austria, Spain and Sweden. There are some differences in the 24 See http://www.share-project.org/ for more details on the sampling and features of SHARE. 25 See http://www.ifs.org.uk/elsa/documentation.php for more details on the sampling and features of ELSA. 26 The target population in HRS is those age 51 and older. 27 0ne small deviation occurred in the administration of the target ages with cut-off points for the target age 75 being 51-65 in SHARE compared to 50-65 in HRS. 28 The averages are weighted. For HRS, SHARE and ELSA, we use individual weights (Börsch-Supan and Jürges, 2005) . 29 We get very similar results if we define the wealth terciles for the age group 51-65. levels of subjective probabilities across countries, similar to the ones we can find in life tables. For example, according to 2002 life tables, a 55-year old Austrian man had a 67.3% chance of surviving to age 75, while a 55-year old Swedish man had a 72.5% chance.
Estimation of Differential Mortality by Wealth using Subjective Survival Probabilities
We follow the same approach that we applied to the HRS data, described in Section 4.1, and use P75 to estimate equation (4) on the SHARE/ELSA/HRS data: | (
The explanatory variables are indicator variables for age band, female, and wealth terciles. We define four age bands (51-54, 55-58, 59-61, 62-65) . 30 All the regressions we present use respondents' weights. Table 10 presents the estimates and their significance levels for each one of the country regressions as well as for the pooled regression for the European countries and the U.S.. 31 We find for every country that those with high wealth have higher survival probabilities than those with low wealth, and that at least one of the two wealth coefficients is significant. However, the gradient in the probability of survival is less pronounced in some countries than in others. According to our estimates countries with a smaller gradient are Germany, France and Belgium. For example, in Belgium the odds ratio for individuals in the second and third wealth tercile is about 1.07. We find the gradient to be strongest in Sweden, Spain and England, where the odds ratios for the highest wealth tercile appear to be between 1.25 and 1.30. In the Netherlands, there is a large difference between the first and second tercile, but very little difference between the second and the third. When estimating the gradient for the European countries as a whole for comparison with the U.S. we find a larger gradient in the U.S. than in the European countries.
Robustness checks
Item non-response might be a concern if it is not randomly distributed by wealth tercile and health status. Table 11 reports the rate of item non-response by wealth terciles (as defined in the regression) and by self-rated health for each of the countries. Item non-response varies a lot by country: it is quite low in Austria, Germany and England (less than 2.5%); it is the highest in France with 15%, followed by Italy and Spain (about 10%). Moreover, item non-response tends to vary by wealth. For example, in the Netherlands, Spain, Denmark, Italy or the U.S. item nonresponse is lower for higher wealth terciles. 32 It also varies by self-reported health, with item non-response being higher among people who report to be in fair or poor health.
To address the issues of item non-response, we follow the strategy discussed in Section 3.4.1 and impute subjective probabilities for respondents who did not answer the subjective probabilities of survival question. We use the same variables as the ones for the imputations in HRS (i.e., basic demographics, health information 33 and parental mortality). We do so using a separate regression for each country (tables not shown). The alternative estimates of differential 30 The sample is relatively small in some countries so we use narrow age bands rather than age dummies. 31 The pooled regression includes indicator variables for the different countries as to allow for differences resulting from sampling or different survey agencies and alike. The weights in the pooled regressions reflect the countries' population (i.e., the sum of the weight in a country is equal to the population aged 51-65 in that country). 32 Those differences are statistically significant at 5% for Germany, Spain, the U.S. and England. 33 The only difference is regarding drinking behavior. In SHARE, we use an indicator for more than 2 drinks a day, rather than more than 3 drinks a day in HRS. The question about drinking in the first two waves of HRS does not distinguish between 1 drink a day and 2 drinks a day, so we use more than 3 drinks a day. mortality and their significance levels after having imputed a predicted probability of survival for missing answers are very similar to those presented in Table 10 , even in countries with high item non-response. It reduces slightly the impact of wealth on survival in Spain.
Another potential issue could be focal answers. The tendency to answer 50% to subjective probability questions might bias our results if it varies systematically by wealth. 34 Table 12 presents the percentage of respondents who answer "50%" by wealth terciles for each country. The rates are quite similar for each wealth tercile in Germany, Italy and Belgium. However, it tends to decrease with wealth in the Netherlands, Spain, England and the U.S.. 35 Again, we use basic demographics, health information and parental mortality to impute subjective probabilities for respondents who answered 50%. Table 13 presents the new estimates of differential mortality and their significance levels after having imputed a predicted probability of survival for missing answers and 50% answers, and Figure 5 shows the exponential of the coefficients associated with the middle and highest wealth tercile. 36 The estimates with the imputations for missing and 50% present overall a relatively similar picture of differential mortality, though the differentials in mortality by wealth appear larger in many countries, in particular in Austria, Germany, Sweden, France, Denmark, England, Belgium and the U.S.. In Spain the estimated differential is smaller. We find the gradient to be strongest in Sweden, Austria and England, and the weakest in Belgium, France and Italy. When estimating the gradient for the European countries as a whole for comparison with the U.S. we find a larger gradient in the U.S. than in the European countries.
Heterogeneity in wealth distribution and heterogeneity in differential mortality
Heterogeneity in mortality by wealth terciles across European countries could simply reflect heterogeneity in the wealth distribution. Figure 5 shows that the odds ratio for the second wealth tercile is similar for Germany and Sweden, but that of the highest wealth terciles is much larger in Sweden. Is the difference in wealth between the second and third wealth terciles larger in Sweden than in Germany? Table 14 presents the median wealth levels for each wealth tercile and country. The medians do not suggest that heterogeneity in the wealth distributions can explain the heterogeneity in differential mortality. To keep the same example, Germany and Sweden have similar medians for the second wealth tercile, but Germany has a higher median for the third wealth tercile. The same conclusions hold when considering additional points of the wealth distributions within wealth terciles. For example, comparing the 25 th , 50 th and 75 th percentiles within each wealth tercile for Spain and England we find that England in the second and third wealth terciles has a more compressed wealth distribution than Spain while it has a much steeper gradient in differential mortality. We also compared the support of the distributions of wealth with the gradient in survival across countries. For this purpose we performed kernel regressions ( ) (
W m W for each of the countries. 37 We find, for example, that Spain has a smaller support than France, though a steeper relationship between subjective survival 34 Like in the HRS, there is no statistical difference in the proportion of 100% by wealth tercile. The rate of zeros is higher in the lower wealth tercile, which is consistent with the fact that they experience lower mortality. 35 The difference is statistically significant at the 5%-level for the U.S., England, the Netherlands and Spain. 36 The predicted probabilities that we impute are based on regressions including respondents who answered 50%. Excluding them does not change our results much. 37 The estimation is done for respondents between the 10 th and 90 th percentiles of the wealth distributions of their country.
probabilities and wealth. Taken together these results suggest that the heterogeneity in differential mortality across European countries is more likely driven by heterogeneity in institutional settings, policy, cultural and social factors.
Caveats
Unit non-response varies across countries in SHARE (Börsch-Supan and Jürges, 2005). Weighting reduces this effect somewhat, but to the extent that unit non-response varies within age and gender groups in a non-random manner and in particular in a way that is correlated with wealth, it could affect the estimates of differential mortality, both actual (if sufficient follow-up data was available) and subjective. Due to a particularly low unit response rate in Switzerland (36%), we decided to exclude it from our analysis. We also excluded Greece because of anomalies in the data.
Estimation of the Differential Mortality by Income and Education using Subjective Survival Probabilities
We conduct similar estimations to the ones presented above using income terciles and education levels as explanatory variables of interest. Income terciles are defined separately within country, by marital status (single/couple), and by age band (50-58; 59-65). To allow an easy comparison of countries with different educational systems, we use the three following categories for education: less than secondary schooling, secondary and tertiary. We present results with imputation for missing probabilities and 50% to deal with the issues of focal and missing answers raised in 4.2.3. Figure 6 shows the exponential of the coefficients attached to the middle and highest income tercile, which can be interpreted as the odds ratio of survival compared to the first income tercile. Except for the U.S., differential mortality by income shows a different picture than the one by wealth. In Europe, there is less inequality in mortality by income than there is by wealth. Note for example that for Germany, Spain and Italy, the odds ratio of the second income tercile compared to the first is equal to one, or even a little less than one, emphasizing that there is no difference in mortality between these two groups. The strongest gradients are for France, Denmark and England. Austria, the Netherlands and Spain have the weakest gradients. Figure 7 shows the exponential of the coefficients attached to secondary and tertiary education, which can be interpreted as the odds ratio of survival compared to less than secondary schooling. Differential mortality by education also differs from that by wealth, though they share similar magnitudes. By education, Austria and Italy show the strongest gradients, while the Netherlands, France, Spain and Belgium show the weakest gradients. When we look at differential mortality by education, the difference between Europe and the U.S. is very large. Whether we control for wealth or not does not change the overall picture of the differential mortality by education, it just tends to reduce the level of the odd ratios (figure not shown).
Comparison with existing studies
It is quite difficult to draw direct comparisons of our results to existing studies because these either cover a different period, or age group or they use different measures of SES. Nevertheless, we reference here a few results found in existing work to compare with our own findings. The strong gradient for Sweden and England is also found in the study of Mackenbach et al. (1997) which looks at morbidity and mortality for several European countries. Their mortality results are hard to compare with ours because they study mortality by occupational class in men in manual versus non-manual occupation for a much larger age group. Contrary to our findings, they find that France has the highest mortality gradient by occupation (however, France is found to have a low gradient for morbidity). Mackenbach et al. (1997) also look at morbidity (measured by perceived general health) by education and find, like us, high differentials in Sweden and Italy. They however find a large gradient for the Netherlands. Huisman et al. (2004) look at mortality by two education levels and find the following ranking from the weakest differential to the strongest: France, Belgium, Denmark and England/Wales. Hofmann (2005) finds less differential mortality in Denmark compared to the U.S..
Conclusions
Obtaining reliable estimates of differential mortality from panel data is a very data intensive exercise and in some countries the necessary data do not exist. Estimates that are comparable across countries are even harder to come by, because measures of wealth or income usually come from different survey instruments and surveys with different designs. In this paper we investigated an alternative approach that is much less data intensive in that it relies on crosssectional observations of subjective probabilities of survival. In addition the data for our crosscountry estimates come from the same survey for many countries (SHARE) and comparable survey instruments for the remaining countries (U.S. and England).
To establish the reliability of our approach we first estimated differential mortality on panel data from the HRS and compared the resulting traditional estimates with those obtained from subjective probabilities collected at baseline. For wealth we find this approach to work very well. We then provide two applications. First we study the trend in differential mortality in the U.S. between 1992 and 2006 for two different cohorts of 51-60 year olds. Our results suggest that the increase in differential mortality observed for several decades before the 1990s is likely to continue in the future. Given that one of the goals set out in the program Healthy People 2010 (U.S. Department of Health and Human Services, 2000) is to reduce health disparities this finding of increasing trends of differential mortality is troubling.
In the second application we estimate differential mortality based on P75 collected in 2004 in 10 European countries and in the U.S. Overall the gradient by wealth tercile is quite comparable between the European countries as a whole and the U.S. even though the gradient is somewhat smaller in Europe. Within Europe, Sweden, Italy and Spain show strong differentials in mortality as a function of wealth, while Austria, Germany, the Netherlands and France show smaller differentials.
Our approach seems to perform well enough to constitute a powerful alternative in the absence of comparable longitudinal data across countries to provide international comparisons of differential mortality. It opens the door for investigating the role of institutional settings, policy and social factors in explaining health inequalities. It also demonstrates the potentials of subjective probabilities of survival to study the effects of mortality on behavior or construct alternative life tables without waiting for a significant fraction of a cohort to have died. A u s t r i a G e r m a n y S w e d e n T h e N e t h e r l a n d s S p a i n I t a l y F r a n c e D e n m a r k B e l g i u m E n g l a n d E u r o p e -A l l
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